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Mainland China’s stock markets are becoming more mature and more integrated with 
the global financial markets. It is worth further exploring not only for investors, but 
also for policy makers. This thesis investigates various features of conditional 
heteroskedasticity of stock returns in Shanghai and Shenzhen. It consists of three parts: 
exploring a more appropriate model to fit the stock returns; studying the dynamics of 
conditional correlation of returns; and examining the possible regimes by using the 
Markov-Switching technique.        
 
Our findings are reported as follows: 
First, the fitted ARMA(1,1)-A-PARCH(1,1,1) model with the generalized error 
distribution is a relatively more suitable one.  
 
Second, we find that the conditional correlation between mainland China’s and the 
U.S. stock markets is quite low and highly volatile.  
 
Third, we apply a structure of Markov-switching in conditional heteroskedasticity to 
identify two discrete volatility regimes of China’s stock markets and its changing 
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Several far-reaching events occurred and shaped China’s stock markets during the 
period, 01/05/2000 ~ 12/31/2008. They include the “dot-com bubble”, China’s 
non-tradable shares reform and the global financial crisis. Figures 1 and 2 display 
daily returns of Shanghai and Shenzhen markets. Both figures reveal influence of 
these historical events.  
 
At the beginning of 2000, returns of both Shanghai and Shenzhen stock indices were 
suffering from sharp oscillation induced by the “dot-com bubble” that originated in 
the U.S. The bubble was caused by over-speculation on dot-com companies. After a 
temporary prosperity, mainland China’s stock markets entered into a long bear market 
phase. Until June 2005, it was the reform of non-tradable shares that improved 
liquidity and brought the markets back to the bull markets. Unfortunately, the 
sub-prime mortgage crisis in the U.S. exported contagious shocks to the global 
financial markets and triggered a chain of negative impacts on the real economy since 
July 2007. China’s stock markets were with no exemption. They were badly affected 
by the vicious shock, thereby exhibiting extreme instability and wild volatility.  
 
In this thesis, we examine various features of conditional heteroskedasticity in the 
daily returns of the Shanghai Stock Exchange Composite Index ( shtr ) and the 
Shenzhen Stock Exchange Component Index ( sztr ). 
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Figure 1: Plot of shtr                     











Figure 2: Plot of sztr  










Although many studies have been conducted on those indices, our approach and 
updated data may shed some new light in exploring a more appropriate GARCH 
model. Based on the ARCH (Autoregressive Conditional Heteroskedasticity) model 
proposed by Engle (1982), where time-varying variances are conditional on past 
information and unconditional variances are constant, Bollerslev (1986) generalizes it 
to the GARCH (Generalized Autoregressive Conditional Heteroskedasticity) model 
that extends the lag structure as an ARMA process. In particular, GARCH(1,1) is 
often sufficient for most of financial series, thereby effectively reducing the long lag 
length in the ARCH model that may induce cumbersome computation. In the 
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subsequent years, the ARCH and GARCH models have been extended and their 
applications have expanded from macroeconomics to financial fields. For example, 
they are instrumental in option pricing, portfolio selection and risk management.  
 
However, both of the ARCH and GARCH models fail to incorporate leverage effect, a 
stylized fact of stock returns, in which negative shocks tend to have a larger impact on 
volatility in subsequent periods than positive shocks with the same magnitude. In 
addition, the strict positive restrictions on parameters may be difficult to implement. 
To tackle those problems, Nelson (1991) proposes the EGARCH (Exponential 
GARCH) model. This model successfully captures the asymmetric response to “good 
news” and “bad news” through interpolating absolute residuals into the conditional 
variances equation and relaxes the non-negativity constraints by taking the log form. 
A similar model, GJR-GARCH model developed by Glosten, Jagannathan, and 
Runkle (1993) treats asymmetric effect as a dummy variable and is also capable of 
capturing leverage effect.  
 
Xu (1999) discovers that the standard GARCH model outperforms the EGARCH and 
the GJR-GARCH models and leverage effect is insignificant in capturing volatility of 
Shanghai stock market from May 21, 1992 to July 14, 1995, attributed to immaturity 
of the market and strong governmental influence on it. Copeland and Zhang (2003) 
also find no evidence of leverage effect in mainland China’s stock markets when they 
adopt the EGARCH model to capture their volatility during the later period, Nov. 25, 
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1994 ~ Apr. 27, 2001. In our thesis, the data is updated to be Jan. 05, 2000 ~ Dec. 31, 
2008.  
 
Ding, Granger and Engle (1993) cast doubts on the squared residuals and the linear 
specification in the standard GARCH model. As such, they impose a Box-Cox power 
transformation on the conditional volatility function and introduce a more general 
structure, A-PARCH (Asymmetric Power ARCH) model. Moreover, they estimate the 
general model fitted with the returns of S&P 500 index, and find that the power is 
1.43, significantly different from 2. Brooks (2007) adopts the A-PARCH model to 
study the volatility of emerging equity markets and then to make comparison with the 
one of developed markets. He finds that the power of emerging stock markets falls 
within a wider range than the one of developed markets and different emerging 
markets have significantly different degrees of volatility asymmetries.  
 
In addition, we capture dynamics of conditional correlation between returns of 
China’s stock markets and those of the U.S. in a bivariate VC-MGARCH framework. 
Despite large number of parameters involved, it sheds some light in how the two 
markets are correlated and whether they can bring diversification to investors.  
 
Although direct generalizations from the univariate GARCH models are 
straightforward, for example VEC and DVEC models proposed by Bollerslev et al. 
(1988), their applications are limited by practical issues associated with cumbersome 
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computation and strong restrictions on parameters to guarantee positive definiteness 
of variance matrixes. Engle and Kroner (1995) develop the Baba-Engle-Kraft-Kroner 
(BEKK) model that automatically ensures positive definiteness and Bollerslev and 
Engle (1993) propose the factor model to simplify conditional variances; however, 
these models still suffer from one common drawback that their parameters are 
difficult to interpret. Based on the four-variable asymmetric GARCH fitted in the 
BEKK structure, Li (2007) concludes that no direct linkage exists between mainland 
China’s stock markets and the U.S. market, thereby furnishing portfolio investors with 
diversification benefits.  
 
To tackle the computational complexities associated with the direct generalizations, 
Bollerslev (1990) introduces the constant conditional correlation (CCC)-MGARCH 
model. Specifically, the univariate GARCH models are used to capture each returns 
series and then linked together by the conditional correlation matrix. It allows for 
more flexibility, and is easier to interpret. Tsui and Yu (1999) apply this model to 
capture conditional correlation between Shanghai and Shenzhen stock markets and 
conclude the constancy is rejected by the information matrix test. However, the 
assumption of constant conditional correlations seems unrealistic for most of financial 
series. Hence, Tse and Tsui (2002) develop a varying-correlation MGARCH 
(VC-MGARCH) model that assumes that the time-varying conditional-correlation 
matrix follows an ARMA(1,1) structure, which is similar to a dynamic conditional 
correlation (DCC-MGARCH) model proposed by Engle (2002). For further details on 
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the VC-MGARCH model, see Section 2.2.   
 
Moreover, we identify two discrete regimes for each stock market, relatively stable 
state and highly volatile state, and make probabilistic inference on the persistence of 
each state, following the methodology of Hamilton (1989). Girardin and Liu (2003) 
adopt the same technique to identify three regimes of Shanghai A-share market, 
consisting of a speculative market, a bull market and a bear market, based on weekly 
capital gains from early January 1995 to early February 2002. They argue that high 
capital gains derived from a short period of the bull market and extreme risks 
associated with the speculative market indicate a “Casino” characteristic of China’s 
stock markets.  
 
The time-varying-parameter models with Markov-switching heteroskedasticity 
proposed by Kim (1993) is capable of capturing the changing relationship between 
returns of China’s stock markets and those of the U.S. In his paper, he models 
quarterly M1 growth rate as a function of changes in the interest rate, the inflation rate, 
the detrended full employment budget surplus and the lagged M1 growth rate and 
concludes that U.S. monetary growth uncertainty is not only derived from 
heteroskedastic disturbances, but also subject to the learning process of agents. 
Relevant application of the methodology is conducted on business cycle (see Kim and 
Piger (2002)), inflation uncertainty (see Telatar and Telatar (2003)), and impact of 
political risk on volatility dynamics (see Fong and Koh (2002)), among others. Most 
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of these extensions are on macroeconomics; however, in our thesis, we expand it to 
financial returns. 
 
The rest of our thesis is organized as follows. Section 2 specifies three models, 
consisting of ARMA(1,1)-GARCH(1,1) models, bivariate VC-MGARCH(1,1) models, 
Markov-switching variance models and time-varying-parameter models with 
Markov-switching heteroskedasticity. Data and estimation results are reported in 


















2.1 ARMA(1,1)-GARCH(1,1) Models 
 
In this section, we introduce several GARCH models to capture conditional 
heteroskedasticity of shtr  and sztr  and then select a better one based on Bayesian 
information criteria. Before proceeding to the specific models, Lagrange multiplier 
tests are conducted to test whether any ARCH effect exists in the series. The idea is to 
compare 2T R⋅  derived from equation (1) with the value of 2 ( )mχ  under the null 
hypothesis, where ln( )m T≈ , as suggested by simulation studies. 
 
2 2 2 2
0 1 , 1 2 , 2 ,
ˆ ˆ ˆ ˆˆ ˆ ˆ ˆ
it i i i t i i t im i t ma a a aα α α α− − −= + + + +K                                  (1) 
where ˆ ( )it it ita r mean r= − , ,i sh sz= . 
 
The empirical results reported in Section 3.1 provide evidence of strong ARCH effect 
in those series at the 1% significance level. 
 
For simplicity, an ARMA(1,1) structure is used for conditional mean equation.   
Conditional mean equation: , 1 , 1it i i i t i i t itr c rφ θ ε ε− −= + + +                       (2) 
 
The GARCH(1,1) proposed by Bollerslev (1986) is used for the conditional variance 
equation: 
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,it it itε η σ=  ~ . . .(0,1)it i i dη                                              (3) 
2 2 2
0 1 , 1 1 , 1it i i i t i i tσ α α ε β σ− −= + +                                             (4) 
where 0 0iα > , 1 0iα ≥ , 1 0iβ ≥  and 1 1 1i iα β+ < . 
It can be shown that the unconditional variances are time invariant, providing 
2 0









                                                   (5) 
 
However, equation (4) fails to incorporate leverage effect, a stylized fact of stock 
returns. To capture the asymmetric feature, we introduce three types of asymmetric 
GARCH models as follows. 
 
The Exponential GARCH (EGARCH) model suggested by Nelson (1991) relaxes the 
positive restrictions on parameters in the GARCH(1,1), through assuming 
2logit ith σ= . 
, 1 1 , 1
0 1 1 , 1
, 1
i t i i t










= + +                                      (6) 
where negative 1iγ  denotes leverage effect through imposing a larger coefficient on 
negative 
, 1i tε − ; 1 1iβ <  is required for covariance stationary. 
 
The GJR-GARCH(1,1) applies a dummy variable, , 1i tN − , to differentiate positive and 
negative shocks. 
2 2 2





1   if 0
   
0   if 0














The A-PARCH(1,d,1) imposes Box-Cox power transformation on the conditional 
volatility function, thus allowing for more flexibility.  
0 1 , 1 1 , 1 1 , 1
( )d d d
it i i i t i i t i i t
σ α α ε γ ε β σ− − −= + + +                                   (8) 
Negative 1iγ  denotes leverage effect. We artificially impose 1d =  and 2d =  at 
first and then conduct quasi-maximum likelihood estimation on d. The model fitted 
with 1d =  is more robust to extreme values than the one with 2d = . The restriction, 
2
1 1 1(1 ) 1i i iα γ β+ + < , is required for the A-PARCH(1,2,1) to ensure covariance 
stationary. Similarly, in the A-PARCH(1,1,1), ( )tE σ  and ( )tE ε  are guaranteed for 
existence, providing 1 12 / * 1i iπ α β+ < . 
 
Regarding the distribution of itη  in equation (3), we assume three variants. They are, 
namely, [a] normal distribution, [b] a Student’s t distribution, and [c] a generalized 
error distribution (GED). For practical purposes, Jarque-Bera test is usually applied to 
return series to test for normality. It is defined as follows: 
Jarque-Bera test statistics: 
2
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Under the Student’s t distribution as specified in case [b], the density function of itη  
is: 
2
( 1)/2[( 1) / 2]
( ) (1 ) ,  >2







− +Γ += +
−Γ −
                        (13) 
where iν  denotes degrees of freedom and ( )Γ ⋅  is the standard gamma function.  
Its corresponding log-likelihood function can be derived from (13): 






log ln ( 1) / 2 ln ( / 2) ln ( 2)
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− ⋅ + +  −   
∑
                 (14) 
 
For case [c], i.e. the generalized error distribution, the density function of itη  is: 
( 1)/
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. 


















= − − Γ − 
 
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Diagnostic tests on standardized residuals of those models include the LM and 
Ljung-Box tests. The latter one is capable of detecting the existence of serial 
correlation in standardized residuals. The Q statistics is computed as: 
2
1






Q n T T
T k=
= +
−∑                                              (17) 
where 













































Under the null hypothesis of no serial correlation in standardized residuals, Q 
statistics asymptotically follow a chi-square distribution. Regarding our case, n is 
selected to be 10. No ARCH effect left and no serial correlation can demonstrate the 
appropriateness of our models. 
 
Finally, we select a better model for each series based on the Bayesian information 
criterion (BIC).   
2 ln ln( )i i iBIC L k T= − ⋅ +                                              (18) 
where iL  denotes the maximized value of the likelihood function; k is number of 
parameters to be estimated; and iT  represents number of observations. The smaller 
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the BIC is, the better the model is. The models fitted with Student’s t and generalized 
error distributions are expected to have smaller BIC than those fitted with the normal 
distribution. The asymmetric GARCH(1,1) models are also anticipated to outperform 
the standard GARCH(1,1). Table 1 summarizes the structure of conditional variances 
of various GARCH-type models. 
 
Table 1: Summary of the structure of conditional variances of GARCH-type models 
GARCH(1,1) 
2 2 2
0 1 , 1 1 , 1it i i i t i i tσ α α ε β σ− −= + +  
EGARCH(1,1) 
, 1 1 , 1
0 1 1 , 1
, 1
i t i i t










= + +  
 2 logit itwhere h σ=  
GJR-GARCH(1,1) 
2 2 2





1   if 0
   
0   if 0













A-PARCH(1,d,1) 0 1 , 1 1 , 1 1 , 1( )
d d d
it i i i t i i t i i t
σ α α ε γ ε β σ− − −= + + +  
 
2.2 Bivariate VC-MGARCH(1,1) models 
 
In order to capture conditional correlation between returns of the Shanghai Stock 
Exchange Composite Index/the Shenzhen Stock Exchange Component Index and 
returns of the S&P 500 Index, we model time-varying conditional correlations in a 
bivariate GARCH(1,1) framework and follow the methodology proposed by Tse and 
Tsui (2002). Specifically, both of shtr / sztr  and sptr  are fitted by univariate standard 
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GARCH(1,1) model structures with normal distribution for simplicity, and their 
conditional correlation matrix is assumed to follow an ARMA(1,1) structure. It is 
expected to outperform the CC-MGARCH(1,1) model suggested by Bollerslev (1990) 
where conditional correlations are assumed to be constant. For computational 
simplicity and easy comparison between the VC-MGARCH(1,1) and the 
CC-MGARCH(1,1), we directly interpolate the mean of the return series into the 
conditional mean equation. The VC-MGARCH(1,1) for shtr  (= 1tr ) and sptr  (= 2tr ) is 
specified as follows. 
 
Conditional mean equation: ( ) ,  1, 2it it itr mean r iε= + =                      (19) 
where 1 2( , ) 't t tε ε ε=  
Conditional variance equation: 2 2 20 1 , 1 1 , 1it i i i t i i tσ α α ε β σ− −= + +                   (20) 
 
itσ  can be utilized to construct a 2*2 diagonal matrix tD , with 1tσ  and 2tσ  lying 












= Γ , where tΓ  (= 12{ }tρ ) is the conditional correlation 
matrix of tε . 12tρ  is assumed to follow an ARMA(1,1) process. 
 
Conditional correlation equation: 12 1 2 12 1 12, 1 2 12, 1(1 )t t tρ θ θ ρ θ ρ θ ψ− −= − − + +       (21) 



























 1 20 , 1θ θ≤ ≤ , 
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1 2 1θ θ+ ≤ .  
 
2M =  is imposed based on the discussion that 2M ≥  is a necessary condition to 
guarantee tΨ  (={ }ijtψ ) positive definite, see Tse and Tsui (2002). Since tε , tD  
and 
tΓ  have already been derived, the conditional log-likelihood tl  and the 
log-likelihood function of the sample l  can be estimated through: 
2





t t it t t t t t
i
l D Dσ ε ε− − −
=







=∑                                                            (23) 
 
Obviously, the CC-MGARCH(1,1) is nested within the VC-MGARCH(1,1) when 
imposing the restriction, 1 2 0θ θ= = . The likelihood ratio test is implemented to 
assess whether the VC-MGARCH(1,1) outperforms the CC-MGARCH(1,1). The test 








χ = − = − −                                         (24) 
where 0L  denotes the maximized value of the likelihood function of the 
CC-MGARCH that imposes restriction on 1θ  and 2θ ; 1L  represents the maximized 
value of the likelihood function of the VC-MGARCH that imposes no restriction on 
them. Under the null hypothesis 0 1 2:  0H θ θ= = , the test statistic asymptotically 
follows a chi-square distribution with two degrees of freedom. Other diagnostic tests 
on standardized residuals, including the LM and Ljung-Box tests, are also conducted. 
The same procedure is applicable to the VC-MGARCH(1,1) for sztr  and sptr . 
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2.3 Markov-switching variance models and Time-varying-parameter models with 
Markov-switching heteroskedasticity  
 
In this section, Markov-switching heteroskedasticity is utilized to model conditional 
heteroskedasticity of 
shtr  and sztr , rather than GARCH heteroskedasticity as 
mentioned in Sections 2.1 and 2.2. The oscillatory behavior of time-varying volatility 
can be categorized into two distinct regimes: relatively stable state and highly volatile 
state. Considering difficulties associated with quantifying an unobserved and discrete 
state variable, we assume tS  to follow a two-state, first-order Markov chain with 
transition probabilities specified as: 
1 00
Pr[ 0 0]t tS S p−= = = , 1 01Pr[ 1 0]t tS S p−= = = ;                         (25) 
1 10Pr[ 0 1]t tS S p−= = = , 1 11Pr[ 1 1]t tS S p−= = =  
where 0tS =  stands for the relatively stable state; 1tS =  represents the highly 
volatile state; and 00 01 1p p+ = , 10 11 1p p+ = . High 00p  indicates the stock market 
is highly persistent in the relatively stable state, with small probability of shifting to 
the highly volatile state. Contrary to that, high 11p  denotes the stock market is 
always unstable, with small probability of transferring to the relatively stable state. If 
00p  and 11p  are quite low, it shows the stock market is frequent in regime shifting.  
 
We introduce Markov-switching variance models (Model 1) and 
time-varying-parameter models with Markov-switching heteroskedasticity (Model 2) 
based on Kim (1993). The Markov-switching variances are specified as follows: 
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2 2 2 2 2
0 1 0 ,~ (0, ),  ( )t tit is is i i i tN Sε σ σ σ σ σ= + −                                  (26) 
where ,i sh sz= , itε  is assumed to follow normal distribution for simplicity, 
2
0iσ  
denotes the variances when China’s stock markets are relatively stable, and 2
1iσ  
represents the variances when they are suffering from huge shocks. Specifically, 20iσ  
is smaller than 21iσ . 
 
In this Section, we derive correlation between China’s and the U.S. stock markets 
from the coefficient of , 1sp tr −  in the conditional mean equation. That is different from 
what we do in Section 2.2 and can provide us with a more thorough understanding of 
the connection between the two markets. In Model 1, the coefficient of , 1sp tr −  is 
assumed to be time-invariant. In Model 2, it is assumed to follow an AR(1) process to 
capture uncertainty induced by the dynamics of linkage between the stock markets. 
Kim imposes a random walk specification on itβ  in equation (29) to represent 
regime changes that only occur when new information is accessable, as suggested by 
Engle and Watson (1987). Distinct from that, we estimate iα  on , 1i tβ −  and 
anticipate it is positive. Details of Model 1 and Model 2 are specified as follows, 
,i sh sz= : 
 
Model 1: Markov-switching variance models 
, 1 , 1 , 1
2
2 2 2 2
0 1 0 ,




Pr[ 1 1] , Pr[ 0 0]
t
t
it i i i t i i t i sp t it
it is
is i i i t
t t t t
r c r a r
N
S
S S p S S p
φ θ ε ε
ε σ
σ σ σ σ
− − −
− −
= + + + +
= + −
= = = = = =
                            (28) 
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Model 2: Time-varying-parameter models with Markov-switching heteroskedasticity  




2 2 2 2
0 1 0 ,










it i i i t i i t it sp t it
it i i t it
it v
it is
is i i i t
t t t t





S S p S S p








= + + + +
= +
= + −
= = = = = =
                         (29) 
 
Modeling shtr  as a function of , 1sh tr −  and , 1sp tr −  may cast doubt on why , 1sz tr −  is not 
included. The reason is that when we additionally interpolate , 1sz tr − , its coefficient is 
not only insignificant, but results in a smaller t-statistic of the coefficient of 
, 1sp tr − . 
Hence, only , 1sp tr −  is included in the conditional mean equation for Shanghai stock 
market and also for Shenzhen stock market.  
 
However, simply interpolating full sample of , 1sp tr −  into the conditional mean 
equation may induce multiple structural changes. To identify the existence of such a 
problem and corresponding number of breaks, we follow the efficient algorithm 
developed by Bai and Perron (2002) to perform several tests. We fit our regression as 
a pure structural change model that allows for all the coefficients to be time varying 
through treating 0p = , accompanied with three changing variables c , , 1i tr −  and 
, 1sp tr − . The maximum number of breaks allowed is set at three with 0.2ε = .  
 
First, we apply one test to check the null hypothesis of no structural break against the 
alternative hypothesis of one break, of two breaks and of three breaks. Similarly, 
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another test is adopted to check the null hypothesis of l  structural breaks against the 
alternative hypothesis of 1l +  breaks. The double maximum tests, i.e. the maxUD  
and maxWD  tests, are more flexible, because they allow the breaks to be an unknown 
number rather than a specific one in the alternative hypothesis. BIC suggested by Yao 
(1998), modified Schwarz criterion (LWZ) developed by Liu et al. (1997) and 
sequential method proposed by Bai and Perron (2002) can be implemented to 
determine number of breaks in the regression. The corresponding results are reported 
in Section 3.3. Regardless of the number of breaks in the conditional mean equation, 
we mainly concentrate on the latest period because it is the most representative one 
for the relationship between itr  and sptr . 
 
To conduct quasi-maximum likelihood estimation of Model 1, we adopt the filter 
developed by Hamilton (1989), and follow the related algorithm suggested by Kim 
(1993). Three probabilities are instrumental for estimation: [a] prediction probabilities, 
1Pr[ ]t tS j y −= , [b] filtered probabilities, Pr[ ]t tS j y= , and [c] smoothed 
probabilities, Pr[ ] ( 1,2, , )t TS j y t T= = K , where 0,1j = . The computational 
procedure for shtr  is described as follows.  
 
Before iteration, initial values are required to be imposed on 0 0 0( Pr[ 0 ])S yπ = = , 
1 0 0( Pr[ 1 ])S yπ = =  and on the log-likelihood function, where ty  represents 














1 01π π= − , ( ) 0l ψ = .                                (30) 
where ( )l ψ  is the likelihood function,  and ψ  denotes all the eight parameters 
that will be estimated, consisting of 0 1 00 11, , , , , , ,c a p pφ θ σ σ . Based on the initial 
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1( )sht tf r y −  is indispensable for probabilities updating and the maximum likelihood 
estimation. The log-likelihood function is: 
1
1




L f r y −
=
=∑            (34) 
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At the end of time t, the prediction probabilities 1Pr[ ]t tS j y −=  can be updated to the 
filtered probabilities Pr[ ], 0,1t tS j y j= = , provided with the additional information 
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Finally, given full information, the smoothed probability Pr[ ] ( 1,2, , )t TS j y t T= = K  
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For further information on detailed computation and the equivalent relationship 
between 1Pr[ , ]t t TS j S k y+= =  and 1Pr[ , ]t t tS j S k y+= = , refer to Kim and Nelson 
(1999). 
 
For the sake of the application of the Kalman filter before the Hamilton filter, the 
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algorithm of Model 2 based on Kim (1993) is a little more complicated than the one 
employed in Model 1. To tackle the problem that 
tβ  is unobserved, the Kalman filter 





β − , and its 




P − , given 1  and t tS i S j− = = , 0,1i = , 0,1j = . 
Initial values are imposed on 
0 0
iβ  and 
0 0
iP . That is 
0 0
0iβ = , and 
0 0




t t t t
β αβ− − −=                                                      (37) 
( , ) 2 2
1 1 1
,i j i vt t t tP Pα σ− − −= +                                                 (38) 
 




ε −  can be derived from the conditional mean 
equatioin. 
( , ) ( , )
, 1 1 , 11 1
,i j i jsht sh t t sp tt t t tr c r rε φ θε β− − −− −= − − − −                                  (39) 




f −  is specified as: 
( , ) ( , ) 2 2
, 11 1
.i j i j sp t jt t t tf P r σ−− −= +                                                (40) 
 










P −  updating.                                                                                               
( , ) ( , ) ( , )
, 11 1
/ [ ],i j i j i jt sp tt t t tK P r f−− −=                            (41)                  
( , ) ( , ) ( , ) ( , )
1 1
,i j i j i j i jtt t t t t tKβ β ε− −= +                                              (42) 
( , ) ( , ) ( , )
, 1 1
(1 )i j i j i jt sp tt t t tP K r P− −= −                                             (43) 
 23 
However, ( , )i j
t t
β  and ( , )i j
t t
P  possibily induce cumbersome calculation. For 
computational simplicity, we implement the approximateions suggested by Kim (1993) 
to collapse ( , )i j
t t
β  and ( , )i j
t t
P  to j
t t
β  and j
t t
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               (45) 
where 1Pr[ , ]t t tS j S i y−= =  and Pr[ ]t tS j y=  can be derived in the same way as 
described in Model 1.  
 
The log-likelihood function of Model 2, ln L  is computed as: 
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3. Data and Estimation Results   
 
3.1 Data specification 
 
Our sample data is drawn from Yahoo. Finance, consisting of daily returns of the 
Shanghai Stock Exchange Composite Index, the Shenzhen Stock Exchange 
Component Index and the S&P 500 Index.  
 
The Shanghai Stock Exchange Composite Index launched on July 15, 1991 is a whole 
market index, including all listed A-shares and B-shares traded at the Exchange. 
A-shares are traded in RMB, while B-shares are traded in U.S. dollars at the Shanghai 
Stock Exchange and in Hong Kong dollars at the Shenzhen Stock Exchange. The 
index is compiled using Paasche weighted formula and it converts prices of B-shares 
denominated in U.S. dollars into RMB
1
. 
Current total market cap of constitutents
Current Index= *Base Value
total market capitalization of all stocks traded on Dec. 19, 1990
Total market cap= (price*share issued)
Base Value=100
∑  (49) 
 
The Shenzhen Stock Exchange Component Index is calculated similarly as the 
Composite Index and all prices of B-shares are converted into RMB. In lieu of 
covering all the tradable and non-tradable shares at the Shenzhen Exchange, the 
Component Index only selects 40 representative listing companies’ tradable shares to 
                                                        
1 The corresponding exchange rate should be the middle price of US dollars on the last trading day of each week 
provided by China Foreign Exchange Trading Center. 
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track the market’s performance, thereby minimizing the inaccuracy induced by 
non-tradable shares. 
Current total market cap of 40 representative constitutents
Current Index= *Base Value
total market capitalization of 40 shares traded on July 20, 1994




  (50) 
     
The S&P 500 Index, initially published in 1957, is one of the most widely quoted and 
tracked market-value weighted indices, representing prices of 500 stocks actively 
traded in either New York Stock Exchange or NASDAQ. It is more sensitive to stocks 
with higher market capitalization (=share prices*number of shares outstanding). Since 
March 2005, it has implemented the policy that only actively traded public shares 
(float weighted) are considered for calculation of market capitalization.  
 
In subsequent sections, the Shanghai Stock Exchange Composite Index, the Shenzhen 
Stock Exchange Component Index and the S&P 500 Index are abbreviated by sh, sz 







=                                                    (51) 
where , ,i sh sz sp= , itP  stands for the close price of each index adjusted for 
dividends and splits at date t. Data period is 01/05/2000 ~ 12/31/2008. Table 2 





Table 2: Summary Statistics for ,  , ,itr i sh sz sp=   
 shtr  sztr  sptr  
(A) Descriptive statistics 
Mean 0.0111 0.0275 -0.0194 
Std. dev 1.6520 1.8340 1.3590 
Minimum -9.2562 -12.1000 -9.4700 
Maximum 9.4010 11.6300 10.9600 
Skewness -0.0102 -0.0952 -0.1220 
Kurtosis 7.9360 8.2210 11.9600 
No. of obs. 2337 2244 2261 
(B) Jarque-Bera test for normality 
Jarque-Bera 2372.4928* 2552.0874* 7568.8045* 
(C) LM test for ARCH effect 
LM(10) 155.7168* 134.2592* 673.7485* 
(*: at the 1% significance level) 
 
All returns distributions are left-skewed and highly leptokurtic, especially sptr  has 
the highest kurtosis. Attributed to these characteristics, the Jarque-Bera test statistics 
reject the null hypothesis of normal distribution at the 1% significance level. The high 
Lagrange multiplier test statistics indicate strong ARCH effects of these series.  
 
Before proceeding to the specific models, we check whether these series are stationary, 
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employing the Augmented Dickey-Fuller (ADF) test. This test allows tr  to have a 
more general ARMA(p, q) structure rather than a simple AR(p) dynamics. In addition, 
the Efficient Modified PP test proposed by Ng and Perron (2001) overcomes the 
shortcoming of the ordinary PP test suggested by Phillips & Perron (1988).  
 





t t t j t j t
j
r D r rβ π ϕ ε− −
=
∆ = + + ∆ +∑                                       (52) 
where tε  is homoskedastic. tD  is specified with two cases: only intercept and both 
intercept and time trend terms. It is to investigate whether itr  follows an I(1) 
structure under the null hypothesis against the alternative hypothesis of an I(0) 
process through testing whether the t-statistic value of π  is significantly different 
from 0. 
 
In the ADF test, selection of the lag length p  is important because on one hand, it 
ensures tε  to be serially uncorrelated; on the other hand, it determines the power of 
the ADF test. Based on the standard suggested by Schwert (1989), we can identify the 
upper bound of ip . Regarding shtr , it has 
1/4
max
[12*( ) ] 26
100
T
p = =  and 15p =  is 
determined to be the effective number through making the backward selection 
proposed by Ng and Perron(1995). The procedure is as follows. First, it is to check 
whether 
26
tϕ  is larger than 1.6. In our case, it is smaller than 1.6. Therefore, we 
proceed to decrease the lag length one by one until the t-statistic of the coefficient of 
the last lagged differenced term is larger than 1.6, i.e. 
15
1.6tϕ > . The test results 
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reported in Table 3 reject the null hypothesis that shtr  follows an I(1) process at the 
1% significance level under both cases. However, the above procedure of selecting 
the effective ip  on sztr  and sptr  seemingly loses effect, because none of their 
t-statistic values is larger than 1.6. To tackle the problem, we select ip  equal to maxp  
and corresponding results demonstrate both of them are stationary.    
 
The PP test proposed by Phillips & Perron (1988) adjusts serial correlation directly 
with the modified statistics, tZ , which allows tε  to be heteroskedastic. Furthermore, 
the PP test is convenient to apply since it is not required to select an appropriate lag 
length. However, one shortcoming is that it may have severe size distortion when the 
autoregressive root is close to unity and the moving-average coefficient is a large 
negative number. See Schwert (1989), Ng and Perron (2001). Hence, we adopt the 
Efficient Modified PP test
2
, rather than the ordinary PP test. 
 
Ng and Perron (2001) employ Generalized Least Squares (GLS) detrending to 
improve the power of the PP test and select the truncation lag based on the modified 
Akaike Information Criterion (MAIC). The results of efficient modified PP tests are 
consistent with the conclusion derived from the ADF tests and support itr  follows an 
I(0) process.  
 
 
                                                        
2 To prevent size distortion that the ordinary PP tests may have when the AR root is close to 
unity and MA coefficient is largely negative, we adopted Efficient Modified PP tests, which 
indicate the returns series are stationary.  
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Table 3: Unit root tests 
 ADF test Efficient Modified PP test 
shtr : With intercept -10.89* -6.30* 
With intercept and time trend -10.90* -7.99* 
   
sztr : With intercept 





   
sptr : With intercept 





(*: at the 1% significance level) 
 
3.2 ARMA(1,1)-GARCH(1,1) models 
 
3.2.1 Estimation results of Shanghai Stock Market 
In this section, we fit the ARMA(1,1)-GARCH(1,1) models with shtr . The 
quasi-maximum likelihood estimation of each GARCH(1,1) model, diagnostic tests 
on standardized residuals and BIC under normal, Student’s t and the generalized error 
distributions are reported in Tables 4, 5 and 6 respectively.  
 
From Table 5, the models fitted with Student’s t distribution are improper as all 
estimated coefficients of , 1sh tr −  are larger than 1, which cannot guarantee weakly 
stationary. For Tables 4 and 6, all the parameters satisfy the restrictions imposed in 
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Section 2.1 and are significant at the 1% level except the constant terms in the 
conditional mean equations. Specifically, the significant estimation of 
1shγ  indicates 
strong leverage effect of Shanghai stock market, contrary to the conclusion made 
based on the data before 2000. The small LM test statistics provide no evidence of 
ARCH effect. However, in Table 4, some Q(10) are significant at the 5% level, 
indicating the existence of serial correlation in the standardized residuals. Therefore, 
normal distribution is also inappropriate for our models. 
 
When comparing BIC reported in Tables 4-6, models fitted with the GED outperform 
those under the other two distributions. In addition, all asymmetric GARCH models 
have smaller BIC than the standard GARCH(1,1). This is consistent with the 
observations made in Section 2.1. Finally, the A-PARCH(1,1) model fitted with the 






















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 3 depicts conditional volatility of the A-PARCH(1,1,1) fitted with the GED. 
Its oscillatory behavior is consistent with the bull and bear market phase of Shanghai 
stock market we discussed before.  
 




























3.2.2 Estimation results of Shenzhen Stock Market 
The quasi-maximum likelihood estimation of each GARCH(1,1) model and BIC 
conducted on sztr  fitted with normal, Student’s t and the generalized error 
distributions are summarized in Tables 7, 8 and 9 respectively. 
 
When the error terms are normally distributed, all estimates of AR(1) and MA(1) 
parameters are insignificant at the 5% level. Under Student’s t distribution, all 
estimates of szφ  are found to be larger than one. As such, the GED is a more 
appropriate choice for sztr . Moreover, all its parameters satisfy the restrictions 
imposed in Section 2.1 and diagnostic tests on standardized residuals confirm 




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































In addition, the significant estimates of 1szγ  indicate strong leverage effect of 
Shenzhen stock market. Based on the BIC reported in Tables 7-9, the models under 
the GED are superior to those under the normal and Student’s t distributions. In 
particular, the A-PARCH(1,1,1) model fitted with the GED has the smallest BIC 
value, indicating it is a better one for 
sztr .  
 






























3.3 Bivariate VC-MGARCH(1,1) Models 
 
3.3.1 Estimation Results of Shanghai Stock Market 
We re-shuffle the returns data in this section, because shtr  and sptr  have different 
trading days and only the common terms are selected for research. The effective 
number of observations is reduced from 2337 to 2252. Table 10 reports the 
descriptive statistics.  
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Table 10: Summary statistics of shtr  and sptr  
Sample: 01/05/2000 ~ 12/31/2008  
 Mean Std. Dev Min. Median Max. Skewness Kurtosis 
shtr  0.0138 1.6530 -9.2560 0 9.4010 0.0050 8.0500 
sptr  -0.0139 1.3360 -9.4700 0.0417 10.9600 0.0114 11.6400 
Jarque-Bera test for normality 
shtr  2392.9752* sptr  7004.6696* 
LM(10) test for ARCH effect 
shtr  144.0358* sptr  670.1745* 
(*: at the 1% significance level) 
 
Based on the conditional mean equation, shtε  and sptε  can be derived from: 
0.0138sht shtrε = − ; 0.0139spt sptrε = + .                                  
(53) 
Quasi-maximum likelihood estimation results of the VC-MGARCH(1,1) and its 












Table 11: VC-MGARCH(1,1) and CC-MGARCH(1,1) for shtε  and sptε  
 0α  1α  1β  1θ  2θ  ρ  







































 (*: at the 10% significance level; **: at the 1% significance level. Standard errors 
are in parentheses.)  
   
Both VC-MGARCH(1,1) and CC-MGARCH(1,1) models satisfy the restrictions 
imposed on the GARCH(1,1) model, i.e. 1 0α > , 10 1β< <  and 1 1 1α β+ < . The 
insignificant constant term in the conditional correlation equation in the 
VC-MGARCH(1,1) is consistent with the insignificant correlation in the 
CC-MGARCH(1,1) where the correlation is assumed to be time-invariant. That 
implies there is no signification linkage between Shanghai and the U.S. stock 
markets when assuming the correlation is time-invariant. However, this assumption 
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is quite unreasonable. From Table 11, the conditional correlation significantly 
follows an AR(1) process. The LM and Ljung-Box tests statistics for the 
VC-MGARCH(1,1) and the CC-MGARCH(1,1) are summarized in Table 12. They 
indicate no evidence of ARCH effect or serial correlation in both the standardized 
residuals and the standardized squared residuals. However, the large likelihood ratio 
test statistic demonstrates the VC-MGARCH(1,1) model indeed outperforms the 
CC-MGARCH(1,1) one at any conventional level of significance. 
 
Figure 5 displays the conditional correlation between Shanghai and the U.S. stock 
markets. Although the linkage between the two markets is quite low, even though the 
peak is still less than 0.10, there is still some connection between the two markets, 
attributed to the integration of global financial markets. Additionally, the correlation 
varies remarkably, with the presence of an upward or downward tendency even 
during a short period. That phenomenon can be explained by the immaturity of 
Shanghai stock market and governmental influence on the market. The low and 
highly volatile connection may bring diversification benefits to equity portfolio. 
  














































































































































































































































































































































































































































3.3.2 Estimation Results of Shenzhen Stock Market 
The characteristics of common terms between 
sztr  and sptr  are summarized in Table 
13. The effective number of observations is 2172.  
 
Table 13: Summary statistics of sztr  and sptr  
Sample: 01/05/2000 ~ 12/31/2008  
 Mean Std. Dev Min. Median Max. Skewness Kurtosis 
sztr  0.0346 1.8340 -12.1000 0.0000 11.6300 -0.0955 8.3420 
sptr  -0.0164 1.3550 -9.4700 0.0421 10.9600 0.0161 11.3900 
Jarque-Bera test for normality 
sztr  2585.8819* sptr  6370.5689* 
LM(10) test for ARCH effect 
sztr  120.8229* sptr  644.3075* 
(*: at the 1% significance level) 
 
sztε  and sptε  can be derived from: 
0.0346szt sztrε = − ; 0.0164spt sptrε = + .                                  (54) 
 
Table 14 reports results of quasi-maximum likelihood estimation on 
shtε  and sptε . 
The diagnostic tests on standardized residuals are reported in Table 15. Both two 
models show no sign of ARCH effect or serial correlation. The likelihood ratio test 
statistic indicates that the VC-MGARCH(1,1) is superior to the CC-MGARCH(1,1) at 
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any conventional level of significance. That is consistent with our previous 
conclusion. 
 
Table 14: VC-MGARCH(1,1) and CC-MGARCH(1,1) for 
sztε  and sptε  
 0α  1α  1β  1θ  2θ  ρ  







































 (*: at the 10% significance level; **: at the 5% significance level; ***: at the 1% 












































































































































































































































































































































































































































The conditional correlation between Shenzhen and the U.S. stock markets is plotted in 
Figure 6. Its shape is similar to Figure 5. It does not have a definite correlation pattern 
between the two markets. Furthermore, the magnitude of correlation is especially low 
and highly unstable, even lower than that of Shanghai and the U.S. stock markets. 
 
Figure 6: Plot of conditional correlation between Shenzhen and the U.S. stock markets 
 
 
3.4 Markov-switching variance models and Time-varying-parameter models with 
Markov-switching heteroskedasticity  
 
In this section, we interpolate , 1sp tr −  into the conditional mean equation that may 
induce multiple structural changes. We follow the methodology proposed by Bai and 
Perron (2002) and summarize corresponding specification, tests and number of breaks 
in Table 16. 
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Table 16: Test statistics of multiple structural changes  
Specifications 
{ }, 1 , 11, ,t sh t sp tz r r− −=  3q =  0p =  450h =  3, 0.2M ε= =  
Tests 





















    
Number of breaks selected 
: 0
: 0







{ }, 1 , 11, ,t sz t sp tz r r− −=  3q =  0p =  434h =  3, 0.2M ε= =  
Tests 





















    
Number of breaks selected 
: 0
: 0






To both of the equations, all the test statistics are insignificant at the 5% level, 
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indicating that no break is introduced when , 1sp tr −  is interpolated. This conclusion is 
confirmed by the BIC, modified Schwarz criterion (LWZ) and sequential method 
because all of them select zero break. 
 
Although there is no detection of structural break in the conditional mean equation, 
we still divide the full sample into two sub-samples with periods 01/05/2000 ~ 
12/31/2004 and 01/03/2005 ~ 12/31/2008, in order to differentiate impacts of the burst 
of “dot-com bubble” and that of the current financial crisis. In particular, during the 
second period, China’s stock market becomes more mature as a result of the 
non-tradable shares reform and gradual integration with the global financial market. 
Therefore, we anticipate a closer and positive relationship between shtr  and , 1sp tr −  or 
between 
sztr  and , 1sp tr − . Table 17 summarizes descriptive statistics for the common 
terms of shtr  and sptr , and of sztr  and sptr  during the latter period. It provides 
evidence of ARCH effect and heavier outlier. However, for simplicity, normal 
distribution is assumed and Markov-switching heteroskedasticy is adopted to capture 
































































































































































































































































































































































































3.4.1 Estimation Results of Shanghai Stock Market 
All estimates reported in Table 18 are significant at the 5% or 1% level, thereby 
providing some justification of two discrete regimes and Markov-switching 
heteroskedasticity. However, estimates of φ  and θ  are quite small, since they are 
near to unity as discussed in Section 3.2. It may be explained by the significantly 
positive relationship between Shanghai and the U.S. stock markets interpolated into 
the equation, denoted as a , which weakens the impact of , 1sh tr −  on shtr . However, 
a  is still relatively small, implying low level of linkage between the two markets and 
diversification benefits for portfolio investment, consistent with our previous 
conclusion in Section 3.3. 
 
Diagnostic tests for both models are summarized in Table 19. The LM and Ljung-Box 
tests indicate that no ARCH effect is left and no serial correlation exists in either the 
































































































































































































































































































































































































































































































































































































































































































In Model 1, low volatility stays at the level of 1.0935, while high volatility maintains 
at the level of 2.7362. Both regimes are highly persistent implied by large values of 
00p  and 11p , meaning when Shanghai stock market persists at one state, either a 
relatively stable or a highly volatile state, it is hard to shift to the other regime. It is an 
interesting result, seemingly inconsistent with the reality. It may be explained by the 
highly diversified global financial market, so only , 1sp tr −  interpolated in the 
conditional mean equation is possibly not sufficient. However, we can observe the 
highly persisent characteristic during some period. For example, in 2008, the volatility 
always stays at the high level, whereas at the end of 2006, it remains quite stable. The 
duration of high volatility is expected to be 25 days on average, while the low 
volatility state is expected to last for 33 days, a little longer. Figure 7 displays 
condtional variances of Model 1.  
 
Figure 7: Conditional varaices of Model 1 for Shanghai stock market 
 
 
In Model 2, the time-varying relationship between shtr  and , 1sp tr −  is characterized as 
an AR(1) process, compensating for the shortcoming that Model 1 assumes the 
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relationship is constant and fails to consider the uncertainty induced by the changing 
linkage pattern between Shanghai and the U.S. stock markets.  
 
All estimates of parameters reported in Table 18 are significant at the 1% level, except 
for 
vσ  which is significant at the 5% level. However, it is still better than Kim’s 
results (1993) when he quantifies U.S. monetary growth uncertainty, in which all the 
viσ  are insignificant. Moreover, the AR(1) process is stationary, distinct from Kim’s 
random walk specification. Attributed to part of conditional volatility captured by tβ , 
0σ  and 1σ  are lower than those in Model 1. In Figure 8, the lower line depicts 
uncertainty induced by the time-varying coefficient and the higer line describes total 
conditional variances. It is apparent that during 2005 and 2006, the relationship 
between the two stock markets almost remains time invariant and total conditional 
variances are almost identical to those in Model 1. However, since 2007, the 
conditional variances captured by the changing coefficients have increased gradually, 
and oscillated particularly sharply at the end of 2008, signaled by the crash of several 
large U.S.-based financial institutions. At that time, the total variance also peaks at 
over 16. The likelihood value in Model 2 is larger than in Model 1. This confirms that 
Model 2 outperforms Model 1 as the changing coefficient has a significant 





Figure 8: Conditional variances of Model 2 for Shanghai stock market 
 
3.4.2 Estimation Results of Shenzhen Stock Market 
With respect to tβ  at Shenzhen stock market, a minor adjustment is made, because 
when 
tβ  is estimated based on, 
0 1 1 ,t t tvβ α α β −= + +  
2~ (0, ),t vv N σ                                     (55) 
1α  is insignificant, while vσ  is significant at the 1% significance level. To tackle 
the problem, a constant term is interpolated into the AR(1) structure. The adjusted 
Model 2 for sztr  is specified as: 
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Table 20 reports the corresponding quasi-maximum likelihood estimation results. 
Almost all estimates of parameters are significant at the 5% or 1% significance level, 




       (0.1631) 
t tvβ = +
 
2~ (0,0.4533 )
               (0.1147) 
tv N                                    (56) 
 
Shenzhen stock market also has the highly persistent characteristic, with the 
probabilities that are even higher than those of Shanghai stock market. Nevertheless, 
the probability of persisting in the relatively stable regime is still higher than the one 
of persisting in the highly volatile regime. In Model 1, the low volatility state is 
expected to last for 86 days for average, whereas the corresponding period for the 
highly volatile state is 55 days. In Model 2, the corresponding probabilities and 
expected duration are lower. It is expected to stay at the relatively stable regime for 74 
days, while 42 days for the highly volatile one. The explanation can refer to the 
discussion in Section 3.4.1. 
 
Diagnostic tests conducted on standardized residuals of both models are summarized 
in Table 21. No ARCH effect is left and no serial correlation exists in either the 
standardized residuals or in the standardized squared residuals, implied by the LM 
and Ljung-Box tests. Contrary to the case of Shanghai stock market where Model 2 is 
better than Model 1, to Shenzhen stock market, Model 1 is superior to Model 2, 
confirmed by the larger likelihood value of Model 1. The insignificant AR(1) 
polynomial that describes time-varying relationship between the two markets can 
provide some support of this conclusion. 
 
 56 
Figure 9 depicts the conditional variances captured by Model 1 for Shenzhen stock 
market, which has the rough shape as shown in Figure 7, but with larger values. 
Figure 10 depicts the conditional variances captured by Model 2, contributed by 
Markov-switching heteroskedasticity and the time-varying parameter. It is apparent 
that the time-varying characteristic only converges for almost 60 days to the end of 
2008; however, for other periods, it is almost zero, thereby providing another 
evidence that Model 1 outperforms Model 2.  
 
Figure 9: Conditional variances of Model 1 for Shenzhen stock market 
 
 
Figure 10: Conditional variances of Model 2 for Shenzhen stock market 
 
( Lower line: conditional variances captured by the time-varying parameter; 










































































































































































































































































































































































































































































































































































































































































































4. Conclusion  
 
This thesis studies several aspects of conditional heteroskedasticity in daily returns of 
Shanghai and Shenzhen stock markets.  
 
First, we find that leverage effect is significant in both markets during the period, 
01/05/2000 ~ 12/31/2008 and the ARMA(1,1)-A-PARCH(1,1) model fitted with the 
generalized error distribution is more suitable for capturing conditional volatility in 
mainland China’s stock markets. 
 
Second, based on bivariate VC-MGARCH(1,1) models, we find that the conditional 
correlation between mainland China’s and the U.S. stock markets is quite low and 
highly volatile. It may provide investors with opportunity of diversification.  
 
Third, we find that uncertainty derived from time-varying relationship between 
Shanghai and the U.S. stock markets is more significant than that between Shenzhen 
and the U.S. stock markets. In addition, mainland China’s stock markets are highly 
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